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A cognitive intervention that may reduce weight and caloric intake is inhibitory control training (ICT; having
individuals repeatedly withhold dominant responses to unhealthy food images). We conducted a randomized
controlled trial where 100 individuals with overweight or obesity were assigned to complete a generic (n = 48)
or food-specific ICT (n = 52) training four times per week for four weeks. Weight and caloric intake were ob
tained at baseline, four-weeks, and 12-weeks. Participants also completed high-calorie and neutral go/no-go
tasks while N2 event-related potential (ERP) data, a neural indicator of inhibitory control, was measured at
all visits. Results from mixed model analyses indicate that neither weight, caloric intake, nor N2 ERP component
amplitude towards high-calorie foods changed at post-testing or at the 12-week follow up. Regression analyses
suggest that individuals with smaller N2 difference amplitudes to food may show greater weight loss and re
ductions in caloric intake after a generic ICT, while individuals with larger N2 difference amplitudes to food may
show greater weight loss and reductions in caloric intake after a food-specific ICT. Overall, multiple food-specific
or generic ICT sessions over the course of a four-week period do not affect overall weight loss, caloric intake, or
N2 ERP amplitude.

1 Over 70% of the United States adult population are obese or
overweight (Flegal, Carroll, Ogden, & Curtin, 2010; Flegal,
Kruszon-Moran, Carroll, Fryar, & Ogden, 2016; National Center for
Health Statistics, 2019). The deleterious effects of overweight and
obesity on physical, mental, and social health are well-documented,
such as increased risk for cardiovascular disease (Avenell et al., 2004;
Calle, Thun, Petrelli, Rodriguez, & Health, 1999), Type II diabetes
(Chan, Rimm, Colditz, Stampfer, & Willett, 1994; Colditz, Willett, Rot
nitzky, & Manson, 1995), death (Flegal, Graubard, Williamson, & Gail,
2007; Kivimäki et al., 2008), depression (Luppino et al., 2010; Zhao
et al., 2009), body image dissatisfaction (Grilo, Wilfley, Brownell, &
Rodin, 1994; Schwartz & Brownell, 2004), low self-esteem (Puhl &
Heuer, 2009), loneliness (Mushtaq, Shoib, Shah, & Mushtaq, 2014), and
workplace discrimination (Puhl & Heuer, 2009; Spahlholz, Baer, Konig,
Riedel-Heller, & Luck-Sikorski, 2016). Overweight and obesity are also

associated with a high economic burden, with the direct costs of over
weight and obesity ranging between $113.9 and $147
billion-approximately 10% of all medical spending in the United States
(Finkelstein, Trogdon, Cohen, & Dietz, 2009; Tsai, Williamson, & Glick,
2011).
Although multiple interventions have shown success in reducing
weight, many individuals are unsuccessful at maintaining weight loss
(Elfhag & Rössner, 2019; Jensen et al., 2014). Difficulty in adhering to
weight loss protocols that focus on reducing caloric intake may account
for the poor rates of weight loss maintenance (Laddu, Dow, Hingle,
Thomson, & Going, 2011). Interventions that help individuals adhere to
diet plans and improve dietary decisions could assist in obtaining and
maintaining weight loss. Particularly, interventions that target and
improve self-control may be important for long-term weight loss and
weight maintenance success, as self-control may help individuals
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that added five pre-registered experiments from Chen et al. (2019)
suggests selective reporting is not present in the food ICT literature;
however, power to detect effects of interest, even with five additional
studies, is still relatively low (51%). As such, studies with larger sample
sizes where individuals with overweight and obesity are tested beyond a
single session are needed to better understand the magnitude of the
effects of ICT on food intake and weight.
We are aware of five studies that have compared a food-specific ICT
to an active control across multiple ICT sessions. Four studies found
reductions in weight loss and food intake (Lawrence et al., 2015;
Oomen, Grol, Spronk, Booth, & Fox, 2018; Stice, Yokum, Veling, Kemps,
& Lawrence, 2017; Veling, van Koningsbruggen, Aarts, & Stroebe,
2014), while one study only found weight reductions in individuals who
showed the greatest improvement in inhibitory control (as measured by
changes in response times; Forman et al., 2019). However, these studies
vary between the frequency of ICT sessions (one per day to one per
week), the length of ICT session (10 min–50 min), the length of the study
(one week to eight weeks), and the characteristics of the participants
(normal weight to individuals across the BMI spectrum to only in
dividuals with overweight and obesity). Further, four of the five studies
were relatively short-term (i.e., lasted only one week or had fewer than
six ICT sessions; Lawrence et al., 2015; Oomen et al., 2018; Stice et al.,
2017; Veling et al., 2014). Although Forman et al. (2019) had their
participants complete 44 trainings over the course of eight weeks, the
study is limited for three reasons: (a) ICT was specifically targeted at
reducing consumption of sweet foods (not high-calorie or unhealthy
foods in general), (b) all individuals in this study were also participating
in a no-added-sugar diet, and (c) the sample sizes in each arm of the
study were still relatively small (about 26 people per group).
More consistent, long-term, and higher-powered ICT studies that are
not paired with a specific diet are needed in order to robustly test if ICT
is an effective weight loss intervention for individuals with overweight
or obesity (Carbine & Larson, 2019). It is also unclear if the benefits of
ICT persist after the trainings are complete, as few studies (e.g., Law
rence et al., 2015; Stice et al., 2017) have collected long-term follow-up
data. If successful, the easy to administer ICT could aid in reducing
caloric intake and improving weight management.
Not only are the long-term benefits of ICT unknown, but it is unclear
how ICT affects cognitive functioning. Researchers are uncertain if ICT is
beneficial because inhibitory control functions are being improved or if
instead the hedonic, motivational, or reinforcing value of food is being
reduced (Houben & Giesen, 2018; Veling, Lawrence, Chen, van
Koningsbruggen, & Holland, 2017). Further, the effect may also be in
part to inducing impulsivity in control conditions (Adams et al., 2017).
Examining how ICT affects neural indices of inhibitory control towards
food could elucidate if ICT is actually targeting food-related inhibitory
control functions and help researchers and clinicians better understand
why ICT may possibly be an effective intervention (Allom et al., 2015;
Jones et al., 2016). Given that ICT may target inhibitory control, that
improvement in inhibitory control is related to reductions in food intake
(Lowe et al., 2016), and that neural indices of inhibitory control may
relate to food intake (Carbine et al., 2017; Carbine, Duraccio, et al.,
2018), another goal of our study was to test if ICT was affecting neural
indices of food-related inhibitory control.
One method to observe neural indices of food-related inhibitory
control is through the scalp-recorded ERP. ERP are changes in the
brain’s electrical activity recorded from scalp-electrodes on an EEG net
(Luck, 2014) whose amplitude changes depending on how people pro
cess or respond to a stimulus (Rugg & Coles, 1995). The N2 ERP
component is a negative deflection in the ERP waveform that occurs
around 200 ms after a stimulus has been presented. The N2 has a larger
(i.e., more negative) amplitude when an individual inhibits a dominant
response, providing support that the N2 ERP component serves as an
indicator or measurement of inhibitory control processes (Folstein &
Van Petten, 2008). In terms of food, the amplitude of the N2 ERP
component is larger (i.e., more negative) when individuals inhibit

Abbreviations
ASA24
BMI
DEBQ
EEG
ERP
ICA
ICT
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Automated Self-Administered 24-h Dietary Recall
body mass index
Dutch Eating Behavior Questionnaire
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event-related potentials
independent components analysis
inhibitory control training
interquartile range
Open Science Framework
visual analog scales

regulate their energy intake (Hainer, Toplak, & Mitrakou, 2008).
Inhibitory control is a cognitive function that is related to self-control
and has gained attention in the diet literature (e.g., Blundell & Gillett,
2001; Davis et al., 2007; Guerrieri, Nederkoorn, & Jansen, 2007;
Jasinska et al., 2012). Inhibitory control refers to the ability to withhold
a dominant or automatic response in order to correctly respond to
environmental demands or task-relevant information (Ko & Miller,
2013). Inhibitory control may be related to diet in multiple ways, such as
withstanding cravings, suppressing the urge to eat palatable foods, or
preventing emotional eating (Blundell & Gillett, 2001; Davis et al.,
2007; Guerrieri et al., 2007; Jasinska et al., 2012). Studies using
self-report and behavioral measurements (e.g., reactions times, accu
racy) of inhibitory control suggest that individuals with lower compared
to higher levels of inhibitory control consume more food, particularly
foods high in fat and sugar (Appelhans et al., 2011; Guerrieri et al.,
2007; Hall, 2012; Jansen et al., 2009). Further, individuals with higher
BMI and less weight loss over time show decreased neural activation in
brain regions associated with inhibitory control (Lavagnino, Arnone,
Cao, Soares, & Selvaraj, 2016). It may, therefore, be difficult for in
dividuals with lower levels of inhibitory control to withhold from
palatable, unhealthy foods, which may be associated with subsequent
weight gain. Thankfully, research has suggested that improvements in
inhibitory control functioning may help individuals reduce their food
intake (Lowe, Kolev, & Hall, 2016).
Researchers have designed and implemented ICT sessions aimed at
improving food-specific inhibitory control. In acute, single-session lab
oratory experiments, food intake decreases immediately following an
ICT session, suggesting inhibitory control can be quickly trained to
reduce short-term food intake (Adams, Lawrence, Verbruggen, &
Chambers, 2017; Chen, Holland, Quandt, Dijksterhuis, & Veling, 2019;
Forman et al., 2016; Houben & Jansen, 2011, 2015; van Konings
bruggen, Veling, Stroebe, & Aarts, 2014; Veling, Aarts, & Stroebe,
2013), particularly for individuals with lower levels of inhibitory control
(Houben, 2011). Meta-analyses on food-related ICT also support the
hypothesis that using food stimuli during ICT is related to decreased
food consumption after training, but also suggest caution in interpreting
the literature to date (Allom et al., 2015; Jones et al., 2016; Wolz, Nannt,
& Svaldi, 2020). The majority of studies included in the meta-analyses
only had single sessions, small samples sizes, and were conducted in
healthy young adults (i.e., not individuals with overweight or obesity
trying to lose weight). A recent p-curve analysis (an assessment of the
distribution of significant p-values in published literature in order to
measure selective reporting, power, and effect size) on food-related ICT
supports these cautions (Carbine & Larson, 2019). Specifically, results
from the p-curve analysis suggest published food-related ICT studies
have small sample sizes (approximately 28 participants per group on
average) that are only powered at about 7%–18% to detect small effects
(d = 0.04 to 0.25) and that researchers may be selectively reporting and
publishing only significant results in the food-related ICT literature. An
updated p-curve analysis (Veling, Chen, Liu, Quandt, & Holland, 2019)
2

K.A. Carbine et al.

Behaviour Research and Therapy 136 (2021) 103784

responses from food as opposed to neutral cues (Watson & Garvey,
2013) and from high-calorie as opposed to low-calorie foods (Carbine
et al., 2017; Carbine, Duraccio, et al., 2018). Results suggest there is an
increased recruitment of neural resources when individuals must with
hold dominant responses to rewarding or hedonic foods. Additionally,
individuals with a larger N2 ERP amplitude to high-calorie foods tend to
consume fewer calories and carbohydrates, suggesting they are
recruiting the necessary cognitive resources to manage their food intake
(Carbine et al., 2017). However, the relationship with food intake has
not always been consistent (Carbine, Duraccio, et al., 2018).
In terms of food-related ICT, Aulbach et al. (2020) and Blackburne,
Rodriguez, and Johnstone (2016) report that ICT did not affect the
amplitude of the N2 ERP component, supporting the idea that ICT may
not affect top-down cognitive processes (Veling et al., 2017). However,
neither study tested how the N2 amplitude to food-specific stimuli
changed beyond a single laboratory session. Research is still needed to
see how consistent, long-term, food-specific ICT affects neural indices of
food-related inhibitory control, as measured by the N2 ERP component.
Due to the lack of research testing how more a long-term ICT affects
weight, diet, and neural reflections of inhibitory control in individuals
with overweight and obesity, our study had three main aims. First, we
tested how a food-specific compared to generic ICT completed multiple
times a week over four weeks altered weight and caloric intake in in
dividuals with overweight and obesity, and if these changes persisted at
a 12-week follow-up. We hypothesized that individuals in the foodspecific compared to generic ICT would exhibit greater weight loss
and greater reductions in caloric intake from baseline to immediately
after ICT, and at a 12-week follow-up (Lawrence et al., 2015; Veling
et al., 2014). Second, we tested if neural indices of inhibitory control, as
measured by N2 ERP amplitude, changed from pre-to post-treatment
due to a generic or food-specific ICT and if these changes persisted at a
12-week follow-up. We hypothesized that immediately after ICT and at
the 12-week follow-up, individuals in the food-specific compared to the
generic ICT would exhibit larger N2 ERP difference amplitudes, sug
gesting they are more successful at recruiting necessary food-related
inhibitory control resources (Carbine et al., 2017). Finally, given that
ICT may be more effective for individuals with lower baseline levels of
inhibitory control (Houben, 2011), we tested if neural indices of smaller
or larger food-related inhibitory control at baseline related to changes in
weight and caloric intake after ICT. We hypothesized that individuals
with smaller N2 ERP difference amplitudes at baseline would show
greater reductions in caloric intake and weight, particularly if they were
in the food-specific ICT.

converted into an F effect size of 0.29. To achieve 80% power, a sample
of 60 participants was needed to detect the effects of interest (alpha =
.05). Second, based off Lawrence et al. (2015), we conducted a
two-group, three-measurements, within-between interaction power
analysis based on the observed Time × Group interaction for caloric
intake- η2p = 0.06 (a difference of about 240 kcals between ICT groups
during the intervention week), which was converted into an F effect size
of 0.25. To achieve 80% power, a sample of 80 participants was needed
to detect the effects of interest (alpha = .05). Finally, based off Veling
et al. (2014), we conducted a two-group, three-measurements,
within-between interaction power analysis based on the observed
weight loss difference between ICT groups in adults with higher BMIsη2p = 0.07 (higher BMI group lost 1.04 more kilograms of weight in the
food ICT while the lower BMI group lost 0.15 more kilograms of weight
in the generic ICT), which was converted into an F effect size of 0.27. To
achieve 80% power, a sample of 68 participants was needed to detect the
effects of interest (alpha = .05). As published effect sizes are likely to be
inflated (Ioannidis, 2005), we chose to follow the larger sample size
estimate of 80 participants. In anticipating a conservative ~20% drop
out rate or losing individuals with bad EEG/ERP data that do not have
sufficient reliability, we planned on recruiting at least 100 participants
(50 per group) to have a minimum of 80 participants used in the final
analyses.
1.2. Participants
The local university’s Institutional Review Board approved all study
procedures, which followed the Declaration of Helsinki, and all partic
ipants provided written informed consent. Two-hundred and forty in
dividuals were recruited and assessed for eligibility via a phone call from
a trained research assistant. One-hundred and thirty five participants
were excluded for not meeting inclusion criteria: no current diagnosis of
a psychological disorder and no history of a neurological disorder,
learning disability, attention deficit hyperactivity disorder, eating dis
order, or metabolic/chronic disease, not pregnant or lactating; not
currently participating in a weight-loss diet or program; and no head
injuries that resulted in a loss of consciousness. As both attention and
inhibitory control may differ depending on habitual levels of exercise
(Cheval et al., 2020; Lennox, Miller, & Martin, 2019), and exercise may
affect neural responses to food cues (Hanlon, Larson, Bailey, & LeChe
minant, 2012), we also excluded participants who were avid exercisers
(i.e., participated in at least 20 min of vigorous physical activity more
than three times a week; Carbine et al., 2017).
One-hundred and five participants were enrolled in the study (see
Fig. 1 for the CONSORT diagram). All participants were individuals with
overweight (25 kg/m2 ≤ BMI < 30 kg/m2) or obesity (30 kg/m2 ≤ BMI)
and were between the ages of 18 and 45 in order to account for possible
confounding effects of cognitive and hormonal changes associated with
menopause and with increased age (e.g., Berent-Spillson et al., 2010;
Faubion, Kuhle, Shuster, & Rocca, 2015; Ryan et al., 2014). Out of the
105 participants, five were excluded after starting study participation
when reasons for not meeting inclusion criteria were discovered, leaving
a final enrollment of 100 participants. Of the 100 final participants
(Mage = 28.05; SDage = 7.56; 53 female; see Table 1 for participant de
mographics by group), 100% completed the baseline visit, 87%
completed the four-week visit, and 84% completed the 12-week visit
(see Fig. 1). No participants reported any harmful effects as the result of
the study.

1. Methods
All experimental protocols, materials, analysis code, and data are
posted to the OSF (https://osf.io/szxua/). Study protocols followed
CONSORT reporting guidelines for clinical trials (Altman et al., 2001;
see Fig. 1), were registered on clinicaltrials.gov prior to beginning data
collection (Number: NCT03599115; Name: Effects of Inhibitory Control
Training in Eating Behaviors). All hypotheses, methods, and the analysis
plan were pre-registered on OSF prior to data collection (https://osf.
io/39wv6). All deviations from the pre-registration are disclosed here:
https://osf.io/s89kw/.
1.1. Power analyses
As changes in weight and caloric intake across multiple ICT sessions
were our main outcomes of interest, we conducted three power analyses
in G*Power (v3.1) based on data and effect sizes reported by Lawrence
et al. (2015) and Veling et al. (2014). First, based on the effect size re
ported in Lawrence et al. (2015), we conducted a two-group, three-
measurements, within-between interaction power analysis based on the
observed Time × Group interaction of weight- η2p = 0.08 (a difference of
0.84 kg between ICT groups at the 2-week follow-up), which was

1.3. General procedures overview
The study design is outlined in Fig. 2. Data were collected year-round
from September 2017 to February 2020. Participants completed a
baseline lab session at the university, a four-week long ICT period, a
follow-up lab session immediately after the ICT period were completed
(i.e., four-week visit), and a lab session 12-weeks after trainings were
3
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Fig. 1. Overview of participant recruitment and analyses.
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Table 1
Participant demographics by group.
Food-Specific ICT
n = 52

Generic ICT n =
48<

Total n =
100

Age: Mean (SD)

28.50 (8.13)

27.56 (6.95)

28.05
(7.56)

Sex: Number of females
(%)

27 (52%)

26 (54%)

53 (53%)

Ethnicity: Number of
Caucasian (%)

44 (85%)

37 (77%)

81 (81.0%)

Ethnicity: Number of
Hispanic (%)

5 (10%)

9 (19%)

14 (14%)

Ethnicity: Number of
Other (%)

2 (4%)

3 (6%)

5 (5%)

Education (years): Mean
(SD)

16.04 (2.93)

16.02 (2.28)

16.03
(2.63)

Baseline BMI (kg/m2):
Mean (SD)

32.27 (5.69)

32.71 (5.03)

32.48
(5.36)

Baseline weight (kg):
Mean (SD)a

96.37 (21.34)

95.50 (15.42)

95.95
(18.65)

Four-Week weight (kg):
Mean (SD)a

96.82 (22.55)

95.07 (14.95)

95.97
(18.57)

12-Week weight (kg):
Mean (SD)

96.32 (22.04)

95.65 (14.52)

96.00
(18.64)

Note. ICT = inhibitory control training. For education, 12 = completed high
school. SD = standard deviation.

completed (i.e., 12-week visit). In order to reduce potential confounding
effects from exercise (Hanlon et al., 2012) and sleep (St-Onge, Wolfe, Sy,
Shechter, & Hirsch, 2014), participants were asked to refrain from
consuming caffeine and participating in vigorous physical activity 24 h
before and get at least 7 h of sleep the night before their lab sessions.
Participants were also asked to stop eating and drinking (besides water)
by 9pm the night before if they came in during the morning (i.e.,
7–10am) and 4 h before if they came in during the afternoon or evening
in order to control for hunger effects (Carbine et al., 2017). Participants
completed all lab sessions at the same time of day to control for time of
day effects (i.e., the baseline, four-week, and 12-week lab visits were
approximately at the same time of day for each individual participant).
During the baseline lab session, participants confirmed meeting the
pre-study criteria, completed a questionnaire that assessed basic health
and demographic information, the DEBQ (van Strien, Frijters, Bergers, &
Defares, 1986), and the Power of Food Scale (Cappelleri et al., 2009;
Lowe et al., 2009). Height and weight were measured by a physician
scale (Detecto, Webb City, MO). Participants also completed six VAS
assessing hunger and an additional VAS assessing sleep quality for the
previous night to ensure hunger and sleep quality were similar across
groups and sessions. Information and psychometrics on the DEBQ and
VAS (see https://osf.io/s89kw/) as well as the averages for the scales
(see https://osf.io/r3bpx/; Table 1A) are posted to OSF. The amount of
sleep, sleep quality, and hunger levels did not differ by session or ICT
group (results posted at https://osf.io/f3bu6/).
Participants then completed two go/no-go tasks while EEG data were
collected. Finally, participants completed their first ASA24 dietary recall
with assistance from a trained research assistant, were read a standard
explanation that described the ICT protocol and goals, and provided
information to set up the trainings (e.g., what business days they would
like to complete trainings on; see Inhibitory Control Training Protocol).
The four-week and 12-week lab sessions were identical to the baseline
visit, except participants did not complete the basic health and

Fig. 2. Overview of experimental protocol.

demographic questionnaire again or the dietary recall (height, weight,
DEBQ, and Power of Food Scale were still obtained). For all lab sessions,
research assistants were blinded to participant ICT assignment. Partici
pants completed two more dietary recalls using the ASA24 program in
the days immediately following the baseline lab visit and three dietary
recalls following the four-week and 12-week lab visits (see ASA24 Di
etary Recalls; Subar et al., 2012).
1.4. Inhibitory Control Training Protocol
There were two ICT protocols: a food-specific ICT (i.e., inhibiting
responses to high-calorie foods) and a generic ICT (i.e., inhibiting re
sponses to everyday items; see Inhibitory Control Training Tasks). As
ICT may work better for individuals with lower baseline levels of
inhibitory control (Houben, 2011), we aimed to have a similar propor
tion of individuals with high and low levels of inhibitory control in the
two ICT groups to ensure that results were not due to one intervention
having a larger proportion of individuals with lower levels of inhibitory
control. Thus, a random number generator in Excel was used to assign of
participants to ICT group after taking into consideration their sex and
baseline N2 no-go amplitude to food (a detailed description of the
randomization can be found here: https://osf.io/s89kw/). In the final
5
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sample of 100 participants, 52 participants were randomly assigned to
the food-specific ICT (24 large N2 amplitude; 27 females) and 48 par
ticipants were randomly assigned to the generic ICT (20 large N2
amplitude; 26 females). All participants were blinded to their ICT group
assignment.
Based off Veling et al. (2014), who did a month-long intervention,
and Lawrence et al. (2015), who had participants complete the ICT four
times a week, our ICT intervention lasted for four-weeks where partic
ipants were instructed to complete a 10-min ICT on a mobile device (i.e.,
iPhone or iPad) outside of the lab for four days of the week. In order to
increase compliance, participants were allowed to choose four out of
five business days each week to complete the ICT. Participants were
randomly assigned one of 16 ICT tasks to complete each training day. To
help participants complete the ICT, an automated text or email message
(whichever the individual participant indicated was their preference)
was sent at 9:00am each business day with instructions on how to
complete one of the 16 trainings and then again at 5:00pm to remind
participants to complete the ICT. In order to improve adherence, for
each week participants had an adherence rate of at least 75%, their
name was entered to win an iPad (maximum of four entries). The
trainings were administered via the Paradigm for Mobile app on an IOS
device (http://www.paradigmexperiments.com/).

half of no-go trials appeared on the right side of the screen and half on
the left. The order of go and no-go trials and the side of the screen they
appeared were random. No accuracy or reaction time feedback was
provided to participants.
Stimuli for all ICT tasks were selected from the Food-Pics database, a
large picture database normed in 1988 people that contains food and
non-food items (Blechert, Meule, Busch, & Ohla, 2014). In a previous
study sample collected from our lab, food pictures from the Food-Pics
database were quantified as high-calorie foods if they had a caloric
density of at least 3 kcal/g (e.g., chocolate, donuts, cake), resulting in
180 “high-calorie” foods. Food pictures were quantified as low-calorie
foods if they had a caloric density of 1 kcal/g or less (e.g., apples, cel
ery, carrots), resulting in 200 “low-calorie” foods. A group of 100 un
dergraduates then rated the 380 pictures as high- or low-calorie foods.
One-hundred and twelve pictures were accurately classified as
high-calorie foods 95% of the time or better and 114 pictures were
accurately classified as low-calorie foods 95% of the time or better. From
these pictures, 100 high-calorie foods and 100 low-calorie foods were
randomly selected to be used in the final food ICT task (see list of stimuli
here: https://osf.io/zau2y/). The high- and low-calorie pictures used for
the food-specific ICT were selected from 200 food pictures as described
above. The non-food pictures came from a random selection of 200
non-food items from the animals, tools, kitchen, and household item
categories of the Food-Pics database (see list of stimuli here: https://osf.
io/25msr/).
For the food-specific ICT task, 10 low-calorie, 10 high-calorie, and 20
non-food pictures were randomly selected for each of the 16 trainings.
Each picture was shown once per block (i.e., each picture was shown 6
times in one task). High-calorie foods were always presented as no-go
trials and low-calorie foods were always presented as go trials. Fifty
percent of the non-food items were randomly presented as go trials and
50% were randomly presented as no-go trials, providing variance to the
task and making the purpose of the task less obvious. For the generic ICT
task, only non-food pictures were used as go and no-go trials. Specif
ically, 40 non-food pictures were randomly selected for each of the 16
tasks. Fifty percent were randomly selected as go trials and 50% were
randomly selected as no-go trials. We did not use food images in the

1.5. Inhibitory Control Training Tasks
Task parameters were consistent with Lawrence et al. (2015). For
both ICT tasks, there were six blocks of 40 trials each (total of 240 trials
per training). Per block, 50% of trials were go trials and 50% were no-go
trials. During the task, a picture on a white background appeared for
1250 ms with 2 Gy boxes, on the bottom right and left sides of the screen.
A blank white screen then appeared for 1250 ms as an inter-stimulus
interval. Pictures indicating a go trial appeared as normal while pic
tures indicating a no-go trail were framed in a bold black box (see Fig. 3).
Participants were instructed on go trials to indicate as quickly and
accurately as possible what side of the screen the picture appeared on by
pressing the right or left side box. For no-go trials, participants were
instructed to withhold responses and not hit either box. Half of go and

Fig. 3. Example of stimuli from ICT tasks for A) food-specific go trial, B) food-specific no-go trial, C) generic go-trial, and D) generic no-go trial.
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generic task, as even having 50% of high-calorie food images on go trials
and 50% on no-go could potentially still train food-specific inhibitory
control training (Jones et al., 2016) or induce impulsivity to high-calorie
food images in the control condition (Adams et al., 2017).

1,000 ms after stimulus onset and exported into the ERP PCA Toolkit for
artifact correction (Dien, 2010).
Bad channels were flagged if the fast average amplitude exceeded
100 μV (μV) or if the differential average amplitude exceeded 50 μV, and
channel data were interpolated using the nearest neighbor approach (i.
e., six surrounding electrodes; Dien, 2010). For artifact removal, ICA
was used to remove eye blinks (Dien, 2010). Specifically, if ICA com
ponents correlated at 0.90 or higher with either a template created from
previous food go/no-go data collected in our lab or a template provided
by the toolkit, the component was removed (Dien, Michelson, &
Franklin, 2010). Data were then re-referenced to an average reference
offline and the 200 ms window before stimulus onset was used for
baseline correction (Carbine et al., 2017; Carbine, Duraccio, et al.,
2018). As decided a priori, the N2 ERP component was extracted as the
mean amplitude between 200 and 300 ms (Carbine et al., 2017; Clayson
& Larson, 2013; Folstein & Van Petten, 2008) averaged over four fron
tocentral electrodes (6, 7, 107, and Cz; Carbine et al., 2017; Carbine,
Duraccio, et al., 2018; Clawson, Clayson, & Larson, 2013; Clayson,
Clawson, & Larson, 2011; Clayson & Larson, 2012, 2013; see Larson,
Farrer, & Clayson, 2011 for electrode montage).
Reliability of the N2 ERP component was assessed using the ERP
Reliability Analysis Toolbox v0.4.8 (Clayson & Miller, 2017a).
Dependability estimates (a generalizability theory [G-theory] analog of
reliability; see Baldwin, Larson, & Clayson, 2015 for review and for
mulas) were calculated for go and no-go trials for each task and each
session. The results indicate the number of trials needed in order to have
strong estimates of dependability for each ERP estimate. We chose a
priori that each subject would need enough trials to obtain a depend
ability estimate of .70 or better to be included (Clayson & Miller,
2017b). ERP data from participants with less than the number of spec
ified trials were not used in analyses and were considered missing data.
All participants had reliable data for the baseline high-calorie task, as
ERP data from that task were needed to assign participants to their ICT
group. For the other tasks and visits, five participants had unreliable
data for the baseline neutral task, three for the four-week high-calorie
task, four for the neutral four-week task, five for the 12-week
high-calorie task, and three for the 12-week neutral task. Final
dependability estimates can be found here: https://osf.io/r3bpx/. All
dependability estimates were greater than 0.92 and all conditions had at
least 9 trials.

1.6. EEG inhibitory control tasks
For EEG assessment during lab sessions, participants completed a
high-calorie food go/no-go task to assess food-related inhibitory control
and a neutral go/no-go task to assess general inhibitory control (i.e., not
specific to food stimuli). For the food-specific go/no-go task, partici
pants were asked to respond with a button press of their right index
finger when they saw a low-calorie food (go stimuli) and refrain from
responding when they saw a high-calorie food (no-go stimuli). The task
was identical to that used in previous studies (Carbine et al., 2017;
Carbine, Duraccio, et al., 2018). For the neutral go/no-go task, partici
pants were asked to respond with a button press of their right index
finger when they saw a picture of an office/household object (go stimuli)
and refrain from responding when they saw a picture of a flower/leaf
(no-go stimuli). Other than the use of different go and no-go stimuli, the
two tasks were identical. The tasks consisted of two blocks with 100
trials each. In order to establish a pre-potent response toward go trials,
70% of trials were go trials and 30% of trials were no-go trials, as is
commonly used in ERP go/no-go tasks (e.g., Benikos, Johnstone, &
Roodenrys, 2013; Ramos-Loyo, Gonzale-Garrido, Garcia-Aguilar, &
Rio-Portilla, 2013). Go and no-go trials were randomly presented.
Stimuli were presented for 500 ms on a white background with an
inter-stimulus black fixation cross on a white background varying in
presentation duration between 1200 and 1400 ms. Tasks were presented
using E-prime 2.0 (Psychology Software Tools, Inc., 2012) and order was
counterbalanced across participants and sessions.
For the EEG food go/no-go task, 120 pictures were provided from
Killgore et al. (2003), who have used the same pictures in multiple
studies (e.g., Killgore et al., 2013; Killgore & Yurgelun-Todd, 2005,
2007). A separate group of 26 undergraduates previously rated the
pictures as either high- or low-calorie foods (Christensen, 2014). Only
food pictures that were accurately classified as high- or low-calorie foods
95% of the time or better were used in the final task, resulting in 38
high-calorie food pictures and 38 low-calorie food pictures. For the
low-calorie food pictures, there are 13 vegetables (e.g., carrots, broccoli)
and 25 fruits (e.g., apples, oranges). For the high-calorie food pictures,
there are 16 desserts (e.g., cake, ice cream), 15 high-calorie dinner meals
(e.g., hamburgers, hot dogs), and 7 high-calorie breakfast meals (e.g.,
waffles, pancakes; stimuli are available upon request).
For the object go/no-go tasks, 38 pictures of flowers/leaves were
randomly selected from the 42 pictures in the flower/leaf category of the
Food-Pics database (which was not used in the generic ICT task). Thirtyeight pictures of office/household items were selected from the 45 pic
tures in the “office” and “other” categories of the Food-Pics database
(also not used in the generic ICT task; see list of stimuli here: https://osf.
io/8fmwx/). For both tasks, pictures were randomly selected during
stimulus presentation. The pictures used in the EEG inhibitory control
tasks were different than those used in the ICT tasks so as to not train
responses to specific stimuli or induce practice effects.

1.8. power of food scale
As devaluing food stimuli may be a potential outcome of foodspecific ICT (Veling et al., 2017), the Power of Food Scale was admin
istered in order to assess the appetitive drive individuals have to
consume food. The Power of Food Scale is a 15-item questionnaire that
assesses thoughts, feelings, and motivations to consume palatable food
in a food-abundant environment (Lowe et al., 2009). The Power of Food
Scale assesses appetitive drive for food in three environments (when
food is available, when food is physically present, when food is tasted)
and demonstrates good reliability, including test-retest reliability, across
the BMI spectrum in individuals from clinical, undergraduate, and
web-based samples (CFIs > 0.94, all Cronbach’s α > 0.81; Cappelleri
et al., 2009; Lowe et al., 2009). Due to the high correlation between the
three factors, the use of an overall average Power of Food Scale score to
assess appetitive drive is acceptable (see Table 2 for overall means; Lowe
et al., 2009). Internal consistency for average Power of Food Scale scores
were excellent in our sample (baseline α = 0.92; four-week α = 0.91;
12-week α = 0.92).

1.7. EEG data acquisition and assessment
EEG data were recorded using an Electrical Geodesics, Inc. NA300
amplifier system (20K nominal gain, bandpass = 0.01–100 Hz) and a
high-density 128-channel EEG net with equidistant passive Ag/AgCl
electrodes. During collection, electrode impedances were kept below 50
kΩ. Data were referenced online to the vertex electrode (Cz) and digi
tized continuously at 250 Hz. During off-line data analyses, data were
digitally high-pass filtered with a first order 0.1 Hz and digitally lowpass filtered at 30 Hz (2 Hz roll off; FIR) in NetStation (version 4.5.7).
ERP data were then segmented from 200 ms before stimulus onset to

1.9. ASA24 dietary recalls
The ASA24 is an online automated multiple-pass dietary recall sys
tem developed by the National Cancer Institute where participants re
cord their food intake for the previous day (Subar et al., 2012).
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calculated the N2 ERP difference amplitude (no-go N2 ERP amplitude
minus go N2 ERP amplitude) for each task, so that a larger (i.e., more
negative) amplitude reflected a larger inhibitory response. We used a 2training group (food-specific, generic) x 3-session (baseline, four-week,
12-week) x 2-task (high-calorie, neutral) mixed model to assess how N2
ERP amplitude changed over time due to ICT. For the N2 ERP difference
amplitude mixed model, we also included three follow-up planned
group comparisons: comparing N2 ERP difference amplitude between
the food-specific and generic ICT groups at baseline, comparing N2 ERP
difference amplitude between the food-specific and generic ICT groups
at four-weeks, and comparing N2 ERP difference amplitude between the
food-specific and generic ICT groups at 12-weeks.
For behavioral data, we conducted a 2-training group (food-specific,
generic) x 3-session (baseline, four-week, 12-week) x 2-task (high-cal
orie, neutral) mixed model to assess no-go accuracy on the lab session
tasks. For RTs, we conducted a 2-training group (food-specific, generic)
x 3-session (baseline, four-week, 12-week) x 2-task (high-calorie,
neutral) mixed model on correct go trial RTs. For all mixed model an
alyses, subject was modeled as a random effect and all other predictor
variables were fixed effects. Identity structure for residuals, the Sat
terthwaite approximation for degrees of freedom (Satterhwaite, 1946),
and restricted maximum likelihood (REML) to estimate missing data
were used. Cohen’s f2 (small = 0.02; medium = 0.15; large = 0.35;
Cohen, 1988) for multilevel models was used as an estimate of effect size
(Selya, Rose, Dierker, Hedeker, & Mermelstein, 2012; see https://osf.
io/zauvw/for formula and code used to calculate Cohen’s f2 in the
current study). For significant interactions, independent- and
paired-samples follow-up comparisons without multiple comparison
corrections were used for decomposition. Cohen’s d and within-subject
Cohen’s dz were used as estimates of effect size.
Finally, regression analyses were performed to see how neural
indices of inhibitory control relate to changes in food intake and weight.
Baseline high-calorie N2 ERP difference amplitude, sex (males = 1, fe
males = 0), ICT group (food-specific = 1, generic = 0) and a Training
Group x N2 ERP Amplitude interaction were entered to predict weight
loss from the baseline to the four-week visit (i.e., baseline minus fourweek weight). Baseline high-calorie N2 ERP difference amplitude,
baseline weight, sex (males = 1, females = 0), ICT group (food-specific
= 1, generic = 0) and a Training Group x N2 ERP Amplitude interaction
were entered to predict reductions in caloric intake from the baseline to
the four-week visit (i.e., baseline minus four-week caloric intake).
Outliers in regression analyses were identified as values 1.5 interquartile
ranges below the first quartile or above the third quartile and excluded
in order for model assumptions to be met. All final models met basic
assumptions for normality and homoscedasticity of residuals. Variance
inflation factor scores are reported as measures of multicollinearity,
adjusted R2, ΔR2, and Cohen’s f2 are reported as measures of effect sizes,
and unstandardized b-weights are reported. As a note, sensitivity ana
lyses (carrying the last observation forward and only including in
dividuals who completed at least 75% of the trainings) were conducted
on all of the above analyses. Description of the sensitivity analyses and
results can be found on OSF (https://osf.io/s89kw/; https://osf.
io/f3bu6/).

Table 2
Participant questionnaire and dietary data by group.
Food-Specific
ICT

Generic ICT

Total

Mean (SD)

Mean (SD)

Mean (SD)

Power of Food Scale average:
Baseline

3.06 (0.87)

3.28 (0.84)

3.17 (0.86)

Power of Food Scale average:
Four-Week

2.93 (0.84)

3.14 (0.72)

3.03 (0.79)

Power of Food Scale average:
12-Week

2.84 (0.89)

3.08 (0.73)

2.96 (0.82)

Caloric intake (kcals):
Baseline

2377.94
(719.93)

2285.92
(709.58)

2333.77
(712.87)

Caloric intake (kcals): FourWeek

2220.81
(656.31)

2231.40
(591.19)

2226.10
(620.66)

Caloric intake (kcals): 12Week

2309.23
(794.88)

2121.00
(631.92)

2220.03
(701.35)

Note. SD = standard deviation.

Participants were asked to complete nine recalls total: one recall at the
baseline visit, two immediately following the baseline visit, three
immediately following the four-week visit, and three immediately
following the 12-week visit. For each period, participants were asked to
complete a recall for the day they came into the lab, and then a randomly
assigned weekday (Monday-Thursday) and randomly assigned weekend
(Friday-Saturday; Christensen, 2014), so that all participants had two
weekdays and one weekend for their recall. If a recall was not
completed, the type of day that was missed (weekday or weekend) was
randomly assigned to make up for the missed recall.
If a participant’s recorded caloric intake was less than their resting
metabolic rate, they were contacted to ensure that the recall was accu
rate. If inaccurate, participants were assigned to record another ran
domized day. The Mifflin-St. Jeor equation was used to calculate resting
metabolic rate (Mifflin et al., 1990). Average caloric intake was calcu
lated separately for the baseline, four-week post-intervention, and
12-week time periods. Recalls that were low in calorie count and
deemed inaccurate and recalls that were recorded more than 14 days
after the session date were excluded from averages. Seven participants
are missing ASA24 data who completed the second session, and two
participants are missing ASA24 data who completed the third session
(ASA24 data for the first session was obtained for all 100 participants).
Means and standard deviations for average caloric intake for each ses
sion are presented in Table 2.
1.10. Statistical analyses
All statistical analyses were conducted in Stata v.16 (StataCorp,
2019). To test our first research question whether ICT influences dietary
intake and weight, a 2-training group (food-specific, generic) x 3-session
(baseline, four-week, 12-week) mixed model was used to analyze
changes in average caloric intake and weight. For the weight and caloric
intake mixed models, we also included three a priori follow-up group
comparisons in each model: comparing the food-specific ICT to the
generic ICT group at baseline, comparing the food-specific ICT to the
generic ICT group at four-weeks, and comparing the food-specific ICT to
the generic ICT group at 12-weeks.
For our second aim examining how ICT is associated with N2 ERP
amplitude, we first conducted a 3-session (baseline, four-week, 12week) x 2-task (high-calorie, neutral) x 2-trial (go, no-go) mixed
model to ensure that the task was successful at eliciting an inhibitory
response (i.e., main effect of trial, with no-go trials have more negative
N2 ERP amplitude than go trials). For the next mixed model, we

1.11. Exploratory analyses
Since ICT may be associated with devaluation of food stimuli (Veling
et al., 2017), we conducted planned exploratory analyses examining
how a food-specific and generic ICT affected appetitive drive to consume
food, as measured by the Power of Food Scale (Cappelleri et al., 2009;
Lowe et al., 2009). We first conducted a 2-training group (food-specific,
generic) x 3-session (baseline, four-week, 12-week) mixed model (with
the same parameters as outlined above) to analyze changes in overall
Power of Food Scale score. Finally, we conducted a multiple linear
regression model (meeting the same assumptions as outlined above),
with baseline high-calorie N2 ERP difference amplitude, sex (males = 1,
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females = 0), ICT group (food-specific = 1, generic = 0) and a Training
Group x N2 ERP Amplitude interaction predicting changes in appetitive
drive from the baseline to the four-week visit (i.e., baseline minus
four-week Power of Food Scale total score).

Table 3
Participant N2 ERP amplitude data by group.
Food-Specific
ICT

2. Results

2.1.2. Mixed model predicting caloric intake changes
Means and standard deviations for caloric intake as a function of
group across the three sessions are reported in Table 2. Similar to the
weight analyses, the main effect of training group (F[1, 97.36] = 0.22; p
= .64; f2 = 0.01), main effect of session, (F[2, 165.89] = 2.16; p = .12; f2
= 0.03), and Training Group × Session interaction (F[2, 165.89] = 0.47;
p = .63; f2 = 0.01) were all non-significant. Results suggest that ICT,
regardless if it is food-specific or generic, does not reduce average daily
caloric intake over a time period of four to 12 weeks. A priori follow-up
group comparisons (Table 3A; https://osf.io/r3bpx/) similarly sug
gested that average daily caloric intake did not differ between ICT
training groups at any of the sessions (all ps > .50).
2.2. Second hypothesis: changes in N2 ERP amplitude and behavioral
data
2.2.1. Mixed models predicting N2 ERP amplitude changes
Waveforms for the N2 ERP component are presented in Fig. 4. Scalp
distributions for the no-go N2 ERP amplitude are presented in Supple
mentary Figures 1A–3A (https://osf.io/euzk3/). Means and standard
deviations for N2 ERP amplitudes as a function of group across the three
sessions are reported in Table 3.
The 3-session (baseline, four-week, 12-week) x 2-task (high-calorie,
neutral) x 2-trial (go, no-go) model revealed a main effect of trial (F[1,
156] = 10.46; p = .001; f2 = 0.18), with no-go trials eliciting a larger (i.
e., more negative) N2 ERP amplitude than go trials as expected, con
firming the task worked. Results of the 2-training group (food-specific,
generic) x 3-session (baseline, four-week, 12-week) x 2-task (high-cal
orie, neutral) mixed model are presented in Table 4. Results revealed a
main effect of task, with the N2 ERP difference amplitude being larger (i.
e., more negative) on the high-calorie than neutral task, as also evi
denced in the previous mixed model. There was also a significant Task
by Session interaction. Follow-up pairwise comparisons revealed that
while the N2 ERP difference amplitude on the high-calorie task did not
change over time (ts[86] < 1.88; ps > .06), the N2 ERP difference
amplitude on the neutral task got larger (i.e., more negative) from the
baseline to the 12-week visit (t[86] = 2.35; p = .02; dz = 0.15). No other
main effects or interactions were significant (ps > .50). Table 3A con
tains the results of the a priori follow-up group comparisons (https://osf.
io/r3bpx/), which similarly revealed that N2 ERP difference amplitude
did not differ between ICT training groups at any of the sessions (ps >
.27).

Total

Mean (SD)

Mean (SD)

Mean (SD)

High-calorie go (μv): Baseline

− 1.82 (2.22)

− 1.88
(2.16)

− 1.85
(2.18)

High-calorie go (μv): Four-week

− 2.43 (2.64)

− 2.38
(2.12)

− 2.40
(2.39)

High-calorie go (μv): 12-Week

− 2.50 (2.40)

− 2.13
(2.33)

− 2.32
(2.36s)

High-calorie no-go (μv): Baseline

− 2.65 (2.23)

− 2.54
(2.67)

− 2.60
(2.44)

High-calorie no-go (μv): FourWeek

− 2.85 (2.71)

− 2.85
(2.38)

− 2.85
(2.54)

High-calorie no-go (μv): 12-Week

− 3.14 (2.64)

− 2.49
(2.69)

− 2.84
(2.67)

High-calorie difference (μv):
Baseline

− 0.83 (1.13)

− 0.66
(1.15)

− 0.75
(1.14)

High-calorie difference (μv):
Four-Week

− 0.37 (1.05)

− 0.51
(0.96)

− 0.44
(1.00)

High-calorie difference (μv): 12Week

− 1.74 (2.69)

− 1.85
(2.15)

− 1.79
(2.43)

Neutral go (μv): Baseline

− 1.47 (2.38)

− 1.73
(2.14)

− 1.60
(2.26)

Neutral go (μv): Four-week

− 1.78 (2.73)

− 2.04
(2.27)

− 1.91
(2.51)

Neutral go (μv): 12-Week

0.40 (1.13)

0.30 (1.29)

0.11 (1.21)

Neutral no-go (μv): Baseline

− 1.05 (2.44)

− 1.37
(2.48)

− 1.21
(2.45)

Neutral no-go (μv): Four-Week

− 1.60 (2.58)

− 1.62
(2.38)

− 1.61
(2.26)

Neutral no-go (μv): 12-Week

− 1.66 (2.75)

− 1.71
(2.09)

− 1.68
(2.44)

Neutral difference (μv): Baseline

0.45 (1.21)

0.41 (1.06)

0.43 (1.13)

Neutral difference (μv): FourWeek

0.20 (1.11)

0.29 (1.22)

0.24 (1.15)

Neutral difference (μv): 12-Week

0.02 (1.22)

0.14 (1.15)

0.07 (1.18)

2.1. First hypothesis: changes in weight and caloric intake
2.1.1. Mixed model predicting weight changes
Means and standard deviations for participant weight as a function of
group across the three sessions are reported in Table 1. The main effect
of training group (F[1, 98.03] < 0.001; p = .98; f2 = 0.03), main effect of
session (F[2, 167.24] = 2.85; p = .06; f2 = 0.06), and Training Group ×
Session interaction (F[2, 167.24] = 2.25; p = .11; f2 = 0.03) were nonsignificant, suggesting that ICT, regardless of group, did not produce
changes in weight immediately after the training or 12-weeks after
completion. Results of the a priori follow-up group comparisons can be
found in Supplementary Table 3A (https://osf.io/r3bpx/), which simi
larly suggested that weight did not differ between ICT training groups at
any of the sessions (all ps > .82).

Generic ICT

Note. SD = standard deviation. μv = microvolt. Difference = no-go minus go.

2.2.2. Mixed model predicting No-Go trial accuracy
Means and standard deviations for no-go accuracy as a function of
group across the three sessions are reported in Table 5. Results of the 2training group (food-specific, generic) x 3-session (baseline, four-week,
12-week) x 2-task (high-calorie, neutral) mixed model are presented in
Table 4. In sum, while all main effects and two-way interactions were
not significant, there was a significant Training Group x Task × Session
interaction (F[2, 265] = 3.96; p = .02; f2 = 0.03).
While ICT groups did not differ on the neutral task (ps > .05), in
dividuals in the food-specific compared to generic ICT group were more
accurate on the high-calorie task during the four-week visit (t[85] =
2.11; p = .04; d = 0.43), but this difference did not exist during the
baseline (t[98] = 0.02; p = .86; d = 0.04) or 12-week visit (t[82] =
− 0.15; p = .88; d = 0.01). After ICT, individuals in a food-specific
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Fig. 4. N2 ERP waveforms by group and ssession for A) food-specific ICT baseline visit, B) generic ICT baseline visit, C) food-specific ICT four-week visit, D) generic
ICT four-week visit, E) food-specific ICT 12-week visit, and F) generic ICT 12-week visit.

compared to generic ICT group may be more accurate at withholding
dominant responses to high-calorie foods, but this difference does not
persist.

reported in Table 5. The only significant effect was a main effect of task,
which showed that individuals overall were faster on responding to of
fice and tool items on the neutral task compared to the low-calorie food
images on the high-calorie task, suggesting there was increased atten
tion to the food compared to neutral images (Carbine et al., 2017).

2.2.3. Mixed model predicting correct go trial RTs
Results of the 2-training group (food-specific, generic) x 3-session
(baseline, four-week, 12-week) x 2-task (high-calorie, neutral) mixed
model are presented in Table 4. Means and standard deviations are
10
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2.3. Third hypothesis: assessing the effect of baseline inhibitory control

Table 4
N2 ERP amplitude and behavioral data mixed models.
N2 ERP
Amplitude

No-Go Trial
Accuracy

Correct Go Trial
RT

F(f2)

F(f2)

F(f2)

Main effect: Task

82.78 (.23)***

0.27 (.05)

6.89 (.05)**

Main effect: Session

0.42 (.03)

1.63 (.04)

0.59 (.02)

Main effect: ICT
group

0.46 (.01)

2.02 (.04)

0.64 (.02)

Task x Session

4.48 (.02)**

0.80 (.04)

0.32 (.02)

Task x Group

0.07 (.003)

2.69 (.04)

0.92 (.02)

Session x Group

0.44 (.01)

0.49 (.03)

0.13 (.01)

Group x Session x
Task

0.67 (.003)

3.96 (.03)*

1.83 (.01)

Note. RT = reaction time. ICT = inhibitory control training. F
effect size.
*p < .05. **p < .01. ***p < .001.

2

= Cohen’s f

2.3.1. Regression analysis predicting weight change
Eighty-four participants had high-calorie N2 ERP difference ampli
tude and weight data for both the baseline and four-week visit. Two
weight difference scores (IQRs > 1.85) and two baseline high-calorie N2
ERP difference amplitudes (IQRs > 2.19) were identified as outliers and
removed from analyses. All normality and homoscedasticity assump
tions were met after outliers were removed. The final sample size for the
regression analyses predicting changes in weight was 80 (food-specific
ICT n = 42; generic ICT n = 38).
Results of the regression analysis are presented in Table 6. The only
significant effect was a Training Group x N2 ERP Amplitude interaction
(b-weight = − 0.90; p = .03), indicating that the N2 amplitude slope was
different for each ICT group. In looking at the value of the b-weights,
results suggest that for the generic ICT group, individuals with smaller (i.
e., less negative) compared to larger N2 difference amplitudes lost more
weight, while in the food-specific ICT group, individuals with larger (i.e.,
more negative) compared to smaller N2 difference amplitudes lost more
weight (see Fig. 6A).

2

2.3.2. Regression analysis predicting caloric intake change
Seventy-six participants had high-calorie N2 ERP difference ampli
tude and average caloric intake data for both the baseline and four-week
visit. One calorie intake difference score (IQR = 1.61), one baseline
weight score (IQR = 3.61) and two baseline high-calorie N2 ERP dif
ference amplitudes (IQRs > 2.27) were identified as outliers and
removed from analyses. All normality and homoscedasticity assump
tions were met after outliers were removed. The final sample size for the
regression predicting changes in caloric intake was 72 (food-specific ICT
n = 36; generic ICT n = 36). Results of the regression analysis are pre
sented in Table 6. Baseline high-calorie N2 ERP difference amplitude
was a significant predictor of changes in caloric intake (b-weight =
187.82; p = .045; see Fig. 5), with smaller (i.e., more positive) N2 ERP
difference amplitude at baseline predicting the greatest reduction in
average daily caloric intake between the two sessions. There was also a
Training Group x N2 ERP amplitude interaction (b-weight = − 264.21; p
= .048), indicating that the N2 amplitude slope was different for each
ICT group. In looking at the value of the b-weights, results suggest that
for the generic ICT group, individuals with smaller (i.e., less negative)
compared to larger N2 difference amplitudes had greater reductions in
caloric intake, while in the food-specific ICT group, individuals with
larger (i.e., more negative) compared to smaller N2 difference ampli
tudes had greater reductions in caloric intake (see Fig. 6B).

Table 5
Participant behavioral data by group.
Food-Specific
ICT

Generic ICT

Total

Mean (SD)

Mean (SD)

Mean (SD)

High-calorie no-go accuracy (%):
Baseline

0.89 (0.07)

0.89 (0.09)

0.89 (0.08)

High-calorie no-go accuracy (%):
Four-Week

0.90 (0.08)

0.86 (0.12)

0.88 (0.10)

High-calorie no-go accuracy (%):
12-Week

0.90 (0.08)

0.89 (0.09)

0.89 (0.09)

High-calorie correct go RT (ms):
Baseline

420.94
(61.77)

424.08
(47.80)

422.45
(55.25)

High-calorie correct go RT (ms):
Four-Week

419.05
(46.86)

424.32
(52.77)

421.59
(49.58)

High-calorie correct go RT (ms):
12-Week

418.31
(40.53)

421.06
(57.81)

418.65
(49.44)

Neutral no-go accuracy (%):
Baseline

0.90 (0.08)

0.86 (0.09)

0.88 (0.09)

Neutral no-go accuracy (%):
Four-Week

0.89 (0.07)

0.87 (0.09)

0.88 (0.08)

Neutral no-go accuracy (%): 12Week

0.91 (0.06)

0.87 (0.09)

0.89 (0.09)

Neutral correct go RT (ms):
Baseline

409.44
(51.93)

423.08
(47.53)

415.99
(50.08)

Neutral correct go RT (ms): FourWeek

417.01
(54.56)

416.67
(54.95)

416.85
(54.43)

Neutral correct go RT (ms): 12Week

412.83
(44.35)

420.87
(65.84)

416.75
(55.68)

2.4. Exploratory analyses
2.4.1. Mixed model predicting power of food scale
Means and standard deviations for Power of Food Scale scores as a
function of group and session are reported in Table 2. The main effect of
training group was not significant (F[1, 98.08] = 3.17; p = .08; f 2 =
0.01); however, there was a main effect of session (F[2, 169.92] = 7.38;
p < .001; f 2 = 0.09). Follow-up pairwise comparisons revealed that
there was a decrease in Power of Food Scale scores from the baseline to
four-week visit (t[86] = 2.38; p = .02; dz = 0.27) and 12-week visit (t
[83] = 3.79; p < .001; dz = 0.34). The Training Group × Session
interaction was not significant (F[2, 169.92] = 0.35; p = .71; f 2 = 0.01).
Results suggest that, regardless of training type (generic or foodspecific), ICT may help individuals reduce their appetitive drive to
wards food during the trainings and after when the trainings are not
currently being completed.

Note. SD = standard deviation. % = percent. RT = reaction time. ms =
milliseconds.

2.4.2. Regression analysis predicting power of food scale change
Eighty-four participants had high-calorie N2 ERP difference ampli
tude and Power of Food Scale data for both the baseline and four-week
visit. Four Power of Food Scale difference scores were identified as
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Table 6
Linear regressions predicting weight, calorie, and power of food scale change.
b

t

VIF

ΔR2

Model predicting changes in weight
Sex

− 0.35

− 0.90

1.00

.00

Training group

0.56

1.16

1.49

.00

Baseline high-calorie N2 difference amplitude

0.50

1.78

2.03

.04

N2 ERP by training group interaction
Model predicting changes in caloric intake
Sex

− 0.90

− 2.27*

2.62

.05

88.57

0.62

1.25

.00

Baseline weight

− 7.43

− 1.67

1.28

.03

Training group

− 93.38

− 0.59

1.57

.04

Baseline high-calorie N2 difference amplitude

187.82

2.04*

2.00

.04

N2 ERP by training group interaction

− 264.21

− 2.01*

2.72

.04

Model predicting changes in Power of Food Scale
Sex

− 0.12

− 1.39

1.01

.01

Training group

− 0.01

− 0.12

1.48

.00

Baseline high-calorie N2 difference amplitude

− 0.20

− 3.18**

2.16

.13

N2 ERP by training group interaction

0.09

1.08

2.77

.01

F

df

Adj. R2

Cohen’s f2

3.74**

4, 75

0.12

0.14

1.64

5, 66

0.04

0.04

3.84**

4, 74

0.13

0.15

Note. Difference = no-go minus go. VIF = variance inflation factor.
*p < .05. **p < .01.

ICT, completed four times per week over four weeks in individuals with
overweight and obesity, was associated with changes in weight, caloric
intake, and neural indices of inhibitory control, as measured by the N2
ERP component. Our first hypothesis was not supported, as individuals
in the food-specific ICT compared to generic ICT group did not lose more
weight or have greater reductions in caloric intake immediately after
four-weeks of trainings or at the 12-week follow-up.
Weight results are inconsistent with studies that found decreases in
weight after ICT (Lawrence et al., 2015; Preuss, Pinnow, Schnicker, &
Legenbauer, 2017; Stice et al., 2017; Veling et al., 2014), but are
consistent with Forman et al. (2019). It is important to note that all
studies used some form of an active control, suggesting significant
findings were not due to a placebo effect. However, studies that showed
an effect on weight loss typically had participants complete four ICT
sessions over the course of a week or a month (Lawrence et al., 2015;
Stice et al., 2017; Veling et al., 2014) and varied from including in
dividuals across the BMI spectrum (Lawrence et al., 2015; Veling et al.,
2014), only individuals with overweight and obesity (Stice et al., 2017),
or only individuals with binge eating disorder (Preuss et al., 2017). In
the studies that did not show an effect (Forman et al., 2019; current
study), participants completed more sessions of ICT (16–44) over a
longer time course of four to eight weeks and only included
psychiatrically-healthy individuals with overweight or obesity. All
together, it may be that a reduction in weight is seen after only a few ICT
sessions (e.g., Lawrence et al., 2015; Stice et al., 2017; Veling et al.,
2014), but those effects do not persist during a longer, consistent ICT
intervention with more sessions, particularly in a sample of only in
dividuals with overweight or obesity (e.g., Forman et al., 2019; Stice
et al., 2017; current study).
Our findings that individuals in the food-specific ICT group did not
have a greater reduction in caloric intake than those in the generic ICT
group are consistent with some published results (e.g., Adams et al.,
2017; Poppelaars et al., 2018; Turton et al., 2018), but differ from the
majority of published findings in the food ICT literature (Adams et al.,
2017; Chen et al., 2019; Forman et al., 2016; Houben & Jansen, 2011,

Fig. 5. Baseline to four-week caloric change by baseline high-calorie N2 ERP
difference amplitude.

outliers (|IQRs| > 2.56) and one baseline N2 ERP difference amplitude
(IQR = 2.50) were identified as outliers and removed from analyses.
After dropping outliers, all assumptions for the linear regression were
met. The final sample size for the regression analysis predicting Power of
Food Scale change was 79. Results of the regression analysis are pre
sented in Table 6. The only significant results was the effect of baseline
N2 ERP difference amplitude during the high-calorie go/no-go task was
significant (b-weight = − 0.20; p = .002; see Fig. 7), with individuals
who had a larger high-calorie N2 ERP amplitude at baseline showing the
greatest reduction in appetitive drive between the two sessions.
3. Discussion
Our primary goals were to test if a food-specific compared to generic
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Houben & Jansen, 2011, 2015; van Koningsbruggen et al., 2014; Veling
et al., 2013), which participants habituate to with longer-term training
(e.g., the current study). Since increased ICT practice should be associ
ated with less caloric intake if inhibitory control processes are, in fact,
being improved, the habituation of ICT effects support the concept that
neural circuits and inhibitory control processes are not being “trained”
or enhanced with ICT (Veling et al., 2017). It is also important to note
that in single laboratory sessions that do not use an active control group,
significant effects may be due to a placebo effect (Boot, Simons, Stothart,
& Tutts, 2013) or eliciting impulsivity (Adams et al., 2017).
Results are also mixed for studies that have assessed how more longterm ICT affects food intake. Food intake was measured in these studies
using a variety of assessments: bogus taste tests (Oomen et al., 2018),
food frequency questionnaires (Lawrence et al., 2015), simple unstruc
tured 24-h dietary recalls (Lawrence et al., 2015), and automated
multiple-pass 24-h dietary recalls (current study). The bogus taste test
and simple 24-h recalls showed reductions in food intake (Lawrence
et al., 2015; Oomen et al., 2018), while food frequency questionnaires
and the multiple-pass 24-h recalls showed no changes (Lawrence et al.,
2015; current study). It is possible the effect of long-term ICT on food
intake may differ depending on what measure of food intake is used.
Future ICT research implementing a variety of food-intake assessments
in one study may be able to help clarify the effect of long-term ICT on
food intake.
Interestingly, the significant Training Group by N2 ERP Amplitude
interaction in the regressions predicting changes in weight and caloric
intake suggest that individuals with smaller rather than larger baseline
high-calorie N2 difference amplitudes saw the greatest reductions in the
generic ICT group, while individuals with larger rather than smaller
baseline high-calorie N2 difference amplitudes saw the greatest re
ductions in the food-specific ICT group. Generic ICT may be more
effective for individuals with attenuated signals of cognitive func
tioning, because their cognitive functioning has room to improve from a
generic training as opposed to those with already heightened signals of
cognitive functioning. On the other hand, food-specific ICT may be more
effective for those with heightened signals of cognitive functioning
because they would need a training that targets a specific aspect of
cognitive functioning to see any improvements while those with atten
uated signals of cognitive functioning may first need to improve
cognitive functioning overall before specific improvements can be made.
It is important to note that the differences in weight and caloric intake
reduction by baseline inhibitory control were not clinically meaningful
(i.e., reductions were less than 500 kcals and 1.81 kgs; Jensen et al.,
2014; Centers for Disease Control and Prevention, 2015). Therefore, the
interaction between baseline inhibitory control and type of ICT may not
be large enough to assist with clinically meaningful reductions in weight
and caloric intake.
Our results differ from previous results that suggest food-specific ICT
may be more effective for individuals lower compared to higher inhib
itory control levels (Forman et al., 2019; Houben, 2011). However, there
are differences from the current study in terms of how inhibitory control
levels were measured (as opposed to neural data, both Forman et al. and
Houben used reaction times), how long the study lasted (Houben was a
single session study), the goal of the intervention (Forman et al. spe
cifically targeted the consumption of sweets, not high-calorie foods),
participant characteristics (Forman et al. participants were on a
no-sweet diet while Houben’s sample consisted of primarily
normal-weight females), and sample size (both Forman et al. and Hou
ben had smaller sample sizes), which could all influence why results
differ. More research is needed to test if and what kind of a relationship
exists between baseline levels of inhibitory control and the effectiveness
of ICT in reducing weight and caloric intake.
Results suggesting ICT was effective depending on baseline levels of
inhibitory control and the type of ICT administered lend to the idea that
different weight-loss interventions may be more effective for different
people. A copious amount of research has tried to understand what

Fig. 6. High-calorie N2 difference amplitude by ICT group interaction for
regression equations predicting A) changes in weight from baseline to fourweek visit and B) changes in caloric intake from baseline to four-week visit.

Fig. 7. Baseline to four-week power of food scale change by baseline highcalorie N2 ERP difference amplitudes.

2015; van Koningsbruggen et al., 2014; Veling et al., 2013). However, as
noted by Allom et al. (2015) and Carbine and Larson (2019), these
studies generally consist of a single laboratory session or only last one
week and do not test if ICT can promote more long-term caloric intake
reduction, like the current study. Perhaps there is a short-term effect of
ICT (e.g., Adams et al., 2017; Chen et al., 2019; Forman et al., 2016;
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lifestyle factors and behaviors, health habits, characteristics, personal
ities, and mental health traits are related to successful weight-loss and
weight-loss maintenance after behavioral and surgical weight-loss in
terventions (e.g., Bond, Phelan, Leahey, Hill, & Wing, 2009; Coleman,
Toussi, & Fujioka, 2010; Fuglestad, Jeffery, & Sherwood, 2012; Klem,
2000; Klem et al., 2000; Rafiei & Gill, 2018; Robinson et al., 2014; Soini,
Mustajoki, & Eriksson, 2015; Sullivan, Cloninger, Przybeck, & Klein,
2007). Interventions that are able to adapt and adjust to an individual
participant’s needs, circumstances, and characteristics may be more
beneficial for weight loss and maintenance (Stead et al., 2015). Clini
cians could then use information on what interventions work best for
different people and screen individuals based on those characteristics in
order to better guide their patients to an intervention that may be more
effective. The current study itself shows that it is feasible to obtain
baseline measures on neural indices of inhibitory control, which could
then help indicate if a food-specific or generic ICT intervention would be
effective in reducing caloric intake and weight for an individual.
Current results suggest that ICT does not affect N2 ERP measure
ments of inhibitory control processes. Our results expand on previous
findings by showing that neither a single ICT session (Aulbach et al.,
2020) nor multiple ICT sessions over the course of four weeks (i.e., the
current study) have an effect on food-related N2 ERP amplitude.
Further, RTs did not significantly change from baseline to four-week to
12-week visits and changes in accuracy between ICT groups at the
four-week visit did not persist at the 12-week visit or hold in sensitivity
analyses. Taking the behavioral and N2 ERP component amplitude re
sults together, it seems our measurements of inhibitory control did not
change over the course of the study due to ICT. Results in the literature
are mixed as whether inhibitory control improves due to ICT (Forman
et al., 2019) or does not change due to ICT (Oomen et al., 2018). How
inhibitory control was measured varied between studies, from assessing
error rates (Oomen et al., 2018), to reaction times (Forman et al., 2019),
to psychophysiological indices of inhibitory control in addition to
behavioral data (current study). The time between the baseline visit and
when changes in inhibitory control were measured also differed from six
days (Oomen et al., 2018), to three weeks (Forman et al., 2019) to four
weeks (current study). The heterogeneity of the literature makes is
difficult to know if inhibitory control processes are affected, to what
extent they are affected, and how long those changes last.
Interestingly, Power of Food Scale scores did change due to ICT. The
Power of Food Scale, which measures the appetitive drive to consume
food, decreased over the course of the trainings and persisted at the 12week visit, regardless of ICT group. Further, regression results showed
that individuals with a more negative N2 ERP difference amplitude had
the greatest decrease in appetitive drive towards food. Given the
adequate test-retest reliability of the Power of Food Scale over a fourmonth period (Lowe et al., 2009), we feel these changes are not due to
a testing effect and are likely due to decreases in appetitive drive to
consume food. The finding that appetitive drive to consume food
decreased while neural and behavioral measures of inhibitory control
did not change aligns with research suggesting ICT alters the rewarding
value of food as opposed to inhibition processes per se (Houben &
Giesen, 2018; Stice et al., 2017; Veling et al., 2017). The reduction in
reward and appetitive value of food may be beneficial, as it would make
inhibiting to hedonic foods easier by decreasing the conflict one expe
riences when having to inhibit towards foods that are appetizing (De
Pretto et al., 2016). Individuals with a more negative N2 difference
amplitude may need to reduce the rewarding or appetitive value of food
to an even greater extent in order to appropriately respond to a heighted
inhibitory response signal, as greater decrease in the desire to consume
food would help decrease the conflicting response of inhibiting towards
foods that are more rewarding, but less conducive for a weight loss. As
such, utilizing ICT to devalue food stimuli could be very beneficial in
improving adherence to weight-loss diets (Jensen et al., 2014) that are
effective in reducing weight (Klem, Wing, McGuire, Seagle, & Hill,
1997) but have low adherence rates (Laddu et al., 2011).

The observation that both the generic and food-specific ICT resulted
in lower Power of Food Scale scores suggests a possible cross-domain
transfer effect for ICT (Lowe et al., 2014, 2016). Regardless of stimuli
used, ICT may train individuals to devalue stimuli that obstructs their
ability to obtain a goal (De Pretto et al., 2016), which could transfer to
additional areas where participants have set goals (i.e., eating healthy),
even though those goals were specifically targeted during the training (i.
e., the generic ICT). Cross-domain transfer effects have been found in
previous research assessing eating behaviors. For example, Lowe et al.
(2016) found that improvement on a Stroop task after exercise was
related to decreased food intake during a snack buffet. While the Stroop
task did not use pictures of food stimuli, the authors suggest that the
exercise-induced cognitive improvement on the Stroop task generalized
to other areas where similar cognitive functions were also utilized (such
as managing one’s food intake). However, to confirm that ICT in general
(regardless of stimuli) helps train individuals to devalue stimuli that
may interfere with obtaining a goal (e.g., high-calorie foods when trying
to lose weight), future research needs to compare the effects of a generic
and food-specific ICT to a non-ICT control group. It is also possible that
the decreases in appetitive drive to consume food were a reflection of a
demand characteristic. Future research that utilizes more objective
measures of the appetitive value of food, such as ERPs (Carbine et al.,
2017), as opposed to self-reports could help confirm results are due to
ICT.
In terms of weaknesses, self-reported dietary recalls, such as the
ASA24, tend to underestimate total food intake (Macdiarmid & Blundell,
1998), and are less reliable than other methods for assessing food intake,
such as weighing food (Nydahl, Gustafsson, Mohsen, & Becker, 2009).
Also, although individuals were told that ICT was aimed at improving
their ability to withhold dominant responses to food, they were not
given practical information on how the trainings would apply to their
daily food choices (e.g., when they have strong desires to eat
high-calorie foods, these trainings may help manage those cravings or
urges) and their contingency awareness was not measured. Further in
struction and training on the role of inhibitory control, how to imple
ment ICT in everyday situations, and measuring if participants are aware
of how ICT could affect their dietary choices may improve the success of
ICT (Lawrence et al., 2015).
The current study also had many strengths. First, adherence to the
trainings was excellent (overall average = 85%). These findings not only
show that ICT is a very feasible intervention to implement on mobile
devices outside of laboratory settings (Lawrence et al., 2015), but gives
confidence that observed changes in weight, caloric intake, or inhibitory
control outcomes would have been due to the ICT intervention. Second,
our project is one of the largest, well-powered studies on ICT and
weight/caloric intake to date that consistently implemented ICT over a
time period longer than a week. Average sample sizes in previous ICT
studies were approximately 56 participants total (about 28 participants
per group; Carbine & Larson, 2019), while the current study had 100
participants (approximately 50 participants per group) in mixed model
analyses and 72 (36 participants per group) in the smallest regression
analysis. Third, the use of an active control group allowed us to ensure
that results were not due to a placebo or training effect (Boot et al.,
2013) or eliciting impulsivity in our control group (Adams et al., 2017).
Finally, pre-registering the study procedures and analyses and posting
the data code allow for transparency.
There are multiple future directions and studies to be conducted on
food-specific ICT in order to understand how ICT can be an effective
weight-loss intervention in a clinical setting. First, ICT needs to be
examined as an adjuvant intervention with other successful weight-loss
interventions, which would allow researchers and clinicians to assess if
the reduction in food reward value that ICT offers helps individuals
increase adherence to a diet and promote additional benefits in weight
loss. Long-term ICT studies that span multiple months are also needed.
Research suggests that in diet-based interventions, maximal weight-loss
is observed at six months from intervention onset (Jensen et al., 2014).
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Having an ICT study that spans the course of six months would help
researchers and clinicians know where ICT stands compared to more
traditional weight-loss and other cognitive interventions (Laddu et al.,
2011; McLean et al., 2015). Finally, studies that measure the underlying
neural processes associated with reward, attention, and motivation,
such as the reward positivity, P3 and late positive potential ERP com
ponents (Carbine, Rodeback, et al., 2018; Hajcak, MacNamara, & Olvet,
2010; Proudfit, 2015; Schupp, Flaisch, Stockburger, & Junghöfer, 2006),
may help clarify what cognitive processes ICT targets and if other
mechanisms, such as the devaluation of food, are responsible for the
beneficial effects of ICT.
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